Population declines and extirpations of large mammalian carnivores are major concerns for global biodiversity conservation. Many large carnivores are vulnerable to conflict with humans and attract conservation attention for their flagship appeal and ecological importance. Coexisting with carnivores requires an understanding of carnivore distribution and abundance relative to human activities and disturbances. Such knowledge is often hindered by the rare and elusive nature of carnivores and the lack of systematic ecological surveys in biodiverse regions facing high levels of threat. The Caucasus Ecoregion is one such biodiversity hotspot harboring several threatened mammal species for which there is a paucity of reliable data, including brown bears (Ursus arctos). Caucasus brown bear populations have declined significantly from historical times and may be isolated and vulnerable to disturbance from development activities such as mining, as well as increasing hunting pressure. To inform land-use planning and bear conservation in the Caucasus Ecoregion, we conducted systematic surveys in May-October 2015 in the foothills of the Caucasus Mountains within the Vayots Dzor region of Armenia. We used noninvasive genetic sampling, camera trapping, and statistical models that account for imperfect detection to estimate density and distribution of the bear population in the 1,000-km 2 study area. Across 34 sampling sites, we obtained 3,163 camera-trap photos of brown bears and genotyped 28 individual bears (7 males and 21 females). Spatially explicit capture-recapture models revealed an unexpectedly high density of bears (59.4/1,000 km 2 ; females = 44.6, 95% confidence interval, CI = 25.4-78.4; males = 14.8, 95% CI = 6.6-34.0), and multi-method occupancy models indicated that bears were distributed across most of the study area (ψ = 0.85; SE = 0.07). These results provide robust evidence that a significant population of brown bears persists in Armenia's Vayots Dzor region, despite a history of hunting and habitat loss that have driven declines in brown bear populations throughout much of the Caucasus Ecoregion. Continued persistence of this flagship species may be threatened by mining, poaching, and other anthropogenic pressures in the region, underscoring the urgent need for strategic conservation planning, impact mitigation, and expanded ecological monitoring within this biodiversity hotspot.
areas of suitable habitat, and tendency for conflict with people (Treves and Karanth 2003; Cardillo et al. 2005; Crooks et al. 2011) . Many populations of large carnivores have experienced declines in range and abundance in recent decades and have become a focus of conservation due to their flagship appeal and ecological role as top predators (Ray et al. 2005; Ripple et al. 2014) . Drivers of population declines vary across species and regions; for instance, persecution and habitat fragmentation related to agricultural expansion have driven carnivore declines in Europe and North America, while prey depletion due to bushmeat hunting is a key driver in many developing countries (Laliberte and Ripple 2004; Ripple et al. 2016) . Despite global concern for conservation of large carnivores, some species and populations have shown resilience or recovery in human-influenced landscapes, including gray wolves (Canis lupus) in Yellowstone National Park, United States (Smith et al. 2003) , and wolves, brown bears (Ursus arctos), Eurasian lynx (Lynx lynx), and wolverines (Gulo gulo) in Europe (Chapron et al. 2014 ). The implication is that coexistence with large carnivores is possible where people implement policies and practices that minimize conflict and promote conservation (Linnell et al. 2001; Dickman et al. 2011; Packer et al. 2013; Carter and Linnell 2016) .
Successful management of large carnivores is challenged by the difficulty of obtaining reliable information on the population status of these often rare and elusive species (Long et al. 2008; Karanth and Chellam 2009) . Conservation planning requires dependable data on the distribution and abundance of carnivores, which are particularly hard to collect for threatened populations in remote or resource-poor regions (e.g., Burton et al. 2011; Murphy et al. 2018) . The Caucasus Ecoregion is one such area, a biodiversity hotspot that harbors several threatened mammal species for which there is a paucity of credible data on their status or ecology, including brown bears, Eurasian lynx, leopards (Panthera pardus), and Bezoar goats (Capra aegagrus-CBC 2012) . The brown bear is a flagship species of regional conservation concern for which the distribution, abundance, and distinctiveness from other brown bear populations remain unclear (Calvignac et al. 2009; Lortkipanidze 2010; Murtskhvaladze et al. 2010; Moqanaki et al. 2018) .
The Caucasian brown bear once ranged throughout the Middle East as far south as the Sinai Peninsula, but now only occurs in small populations from Turkey to Iran, including the Caucasus Mountains of Russia, Georgia, Armenia, and Azerbaijan (Calvignac et al. 2008 (Calvignac et al. , 2009 . Data on the ecology and population status of brown bears in the Caucasus are limited but indicate a marked reduction in range over the last century, likely due to habitat loss and illegal hunting (Lortkipanidze 2010; CBC 2012) . Based on an ad hoc analysis using data from sign and fecal DNA surveys, Lortkipanidze (2010) estimated that 2,000-2,500 bears remain in the South Caucasus, where they are protected in Georgia and Armenia but hunted in Azerbaijan. Similarly, the Caucasus Biodiversity Council suggested that the total number of brown bears in the Caucasus Ecoregion does not exceed 3,000 individuals (CBC 2012) . More strikingly, the latest IUCN Red List assessment of U. arctos considers the population in the Lesser Caucasus (south and eastern Armenia into northwestern Iran) to be Endangered, facing complete isolation and perhaps containing less than 250 mature adults (McLellan et al. 2017) . Few statistically rigorous estimates of brown bear abundance and density have been completed for the Caucasus region. Lortkipanidze (2010) estimated a minimum density of 13 bears/1,000 km 2 in central Georgia, based on a DNA survey identifying 28 unique bear genotypes (Murtskhvaladze and Tarkhnishvili 2006) , and Moqanaki et al. (2018) recently estimated a density of 48.8 bears/1,000 km 2 using a spatial capture-recapture survey in the Arasbaran Biosphere Reserve, Iran.
Brown bears are listed as Vulnerable in Armenia's National Red Data Book (Aghasyan and Kalashyan 2010) , but reliable data on the country's populations are notably absent (Malkhasyan and Kazaryan 2012) . Lortkipanidze (2010) reported abundance estimates in Armenia from the 1970s and 1980s that varied from 150 to 600 bears, but questioned their accuracy due to unreliable or unreported methods. While ecological data are lacking from Armenia, studies on brown bears in nearby Turkey reported small litter sizes (mean 1.67-Ambarli 2016) and small home ranges (14 km 2 for females, 83 km 2 for males- Ambarli et al. 2016) . Reduced reproduction and mobility could render brown bears more vulnerable to habitat loss from landscape change and industrial development (Lortkipanidze 2010; Ambarli et al. 2016) , which are significant threats within the Caucasus Ecoregion biodiversity hotspot (CBC 2012) . Despite the vulnerability of brown bears in the Caucasus, and the potential importance of local populations for regional persistence, few reliable data exist to inform land-use planning and bear conservation. Understanding factors affecting the density and demography of brown bears is especially important in Armenia, where new mining developments may impact bears and other threatened species (Treweek et al. 2016) . The goal of this study is to improve understanding of the ecology of brown bears in Armenia with the aim of guiding future conservation planning in the region. To achieve this goal, we estimated the distribution and density of brown bears within the Vayots Dzor region of southeastern Armenia using noninvasive sampling with camera traps and lured rub stations.
Materials and Methods
This research used noninvasive sampling techniques under approval of the Bioresources Agency of the Ministry of Nature Protection of Armenia, and followed ASM guidelines for studies of wild mammals (Sikes et al. 2016) .
Study area and sampling design.-We surveyed brown bear occurrence from 16 May to 13 October 2015 within the Vayots Dzor region of Armenia in the South Caucasus. The study area included the Arpa Gorge, the mountain range south of the Spandaryan reservoir, a proposed mining development, and 2 state sanctuaries (Herher and Jermuk; Fig. 1 ). The area covered microclimatic zones ranging from semiarid to alpine (1,400-3,200 m). Significant settlements included the towns of Jermuk, Kechut, Gndevaz, Herher, Artavan, Saravan, Saralanj, and Gorayk (Fig. 1) . Other common human activities in the study area included high-elevation (> 2,000 m) herder camps with free-range livestock, herb and mushroom collection in low-elevation woodlands, and hunting, fishing, and tourism.
We conducted genetic sampling to determine the proportion of the study area used by bears (distribution or occupancy) and the number of individual bears present (density). We divided the study area into a systematic grid of 39, 5 × 5 km (25 km 2 ) sampling cells (Fig. 1) , each intended to roughly approximate the annual home range size of a female bear. Within each cell we established a survey site at a location chosen to maximize the probability of detecting a bear, given its occurrence within the cell (MacKenzie et al. 2006) . Three cells could not be accessed due to military conflict in the border region between Armenia and Azerbaijan, and 2 were excluded for logistical reasons, resulting in a final set of 34 sampling stations, with a mean distance of 3.2 km between adjacent stations (Fig. 1) .
Bear sampling methods.-We used 2 concurrent methods to sample brown bears within the study area: hair collection for genetic identification (Waits and Paetkau 2005) and camera trapping (Burton et al. 2015; Steenweg et al. 2017; Fig. 2) . DNA derived from hair can be used to determine species, sex, individual, and genetic diversity Schwartz 2004a, 2004b) . Noninvasive genetic sampling via hair collection has been used successfully for many mammal species (Long et al. 2008) , including North American and European brown bears (Gervasi et al. 2008; Kendall et al. 2009; Proctor et al. 2012; Ciucci et al. 2015) . However, genetic methods may lead to underestimates of occupancy due to missed detections-occasions where bears visit a site but do not leave hair samples from which DNA is successfully amplified (Fisher and Bradbury 2014; Fisher et al. 2016) . For this reason, we combined genetic sampling with camera-trap sampling to improve detectability and strengthen inferences on bear occupancy in the study area. Camera-trap methods are widely used to sample wildlife populations, including bears Burton et al. 2015) .
We established hair-collection stations for genetic sampling (hereafter, lured rub stations) following Fisher et al. (2016) , consisting of a barbed wire wrapped around a tree or boulder on which scent lure was added (LDC Extra; O'Gorman's Co., Broadus, Montana) to attract bears and promote natural rubbing behavior. We deployed 1 infrared-triggered digital camera (LTL Acorn 6210 MC; LTL Acorn, Zhuhai, China) 5-10 m from the rub object with the field-of-view centered on the lured barbed wire. The majority of sites lacked suitable trees for attaching the wire or camera, thus we predominantly used large boulders (Fig. 2) . Brown bears investigating the lured object rubbed and left hair samples while triggering the camera. We deployed survey sites in May 2015 and visited sites every 2-3 weeks until mid-October 2015 to collect digital memory cards and hair samples as well as replenish scent lure and replace batteries. We treated hairs lefts on different barbs as (potentially) independent hair samples, and all hairs collected were submitted for genetic analysis.
Genetic analysis was conducted by Wildlife Genetics International (WGI; Nelson, British Columbia, Canada) to identify species, gender, and individual. WGI extracted DNA from hair follicles using QIAGEN's DNEasy Tissue Kits (QIAGEN, Hilden, Germany) and identified species using sequence-based analysis of the 16S rRNA gene of mitochondrial DNA (mtDNA), sex using ZFX and ZFY genes, and individual identity using microsatellite markers (Supplementary Data SD1) . No local data were available at the start of the project to guide marker selection, so we analyzed the first 38 confirmed (by mtDNA) brown bear samples at 14 of the 18 microsatellite markers used in a broad-scale study of Caucasus brown bears (Murtskhvaladze et al. 2010) . For this phase, we selected samples that spanned the space and time of the sampling program to maximize the number of individuals likely to be represented by the 38 samples. Data from this 14-locus analysis were used to rank markers by variability, identifying 7 highly variable microsatellites (MU50, G10J, G10C, CXX20, G10B, G10P, and G10L; mean H E = 0.79) that more than satisfied guidelines for ensuring a low match probability (Paetkau 2003) . Individual identification of the remaining brown bear samples was accomplished by analyzing these 7 microsatellites, plus ZFX and ZFY genes.
Bear density analysis.-We used spatially explicit capturerecapture (SECR) models to estimate density of brown bears in the study area (Efford 2004; Borchers and Efford 2008; Royle et al. 2014 ). SECR models extend traditional capture-recapture methods by accounting for spatial heterogeneity in capture probability and estimating the location of animal "activity centers" (i.e., home range centers), thereby eliminating potential bias from edge effects and providing more reliable estimates (Obbard et al. 2010; Whittington and Sawaya 2015) . SECR models essentially combine capture-recapture with distance sampling (Buckland et al. 2001) , using site-specific detection histories to estimate a spatial detection model that describes how individual capture probability declines with increasing distance between a sampling location (i.e., rub station) and an individual's activity center. This detection model is based on 2 parameters: baseline capture probability (i.e., detection efficiency at a trap), λ 0 , and a spatial scale parameter, σ, which describes the decline in capture probability with increasing distance between the trap and activity center (Efford 2004; Royle et al. 2014) . Under an assumption that animal space use is adequately represented by a bivariate normal probability distribution (aka Gaussian, half-normal), the scale parameter can be interpreted as the radius of an individual home range (Royle et al. 2014) . The density parameter, D, is simply the estimated number of unique home range centers divided by the area that contains them. This area, termed the "state-space," is defined such that any animal with a home range center outside of it has a negligible chance of being detected at a sampling point, and thus includes a buffer around the sampling points. We assumed that the distribution of home range centers in the population was adequately represented by a homogeneous spatial Poisson process. We used closed population SECR models that assumed demographic closure during May-October 2015 (i.e., no births, deaths, or migration).
We constructed detection histories for each individual using DNA from hair samples. Detection histories consisted of a binary record of detection-nondetection (1 or 0) for each individual and site during each sampling occasion across the survey period. Logistical constraints caused hair collection to be staggered rather than within consistent, discrete sampling occasions across all sites. We used the mean interval between consecutive checks of a rub station (21 days) to divide the survey period into 7 sampling occasions. We then used the median check dates to assign break points between occasions, aligning breaks where possible with gaps in the check dates and sample collections (Supplementary Data SD2) . This approach maximized the temporal alignment between occasions across sites to facilitate assessment of temporal changes in detectability, while minimizing the possibility that a hair sample was misassigned. Some samples could have been deposited in the occasion prior or subsequent to the one assigned; however, we did not see any evidence of such misassignment in a thorough review of our camera-trap detections.
We used likelihood-based SECR models in package secr version 2.10.3 (Efford 2016) in R statistical software (version 3.2.2-R Core Team 2015). We first evaluated sensitivity to the size of the state-space by comparing density estimates from 3 null models (i.e., no covariates on density or detectability) constructed with buffer sizes of 5, 10, and 20 km, respectively, around the sampling sites (Royle et al. 2014) . Density estimates were not sensitive to the choice of buffer size, thus we opted conservatively to use the intermediate buffer of 10 km for all subsequent models (corresponding to a state-space of approximately 2,900 km 2 ). We constructed a set of candidate models representing hypotheses about potential variation in bear detectability and density. We used the proximity detector and half-normal detection function for all models (Efford 2016) . Relative support for -Each sampling unit consisted of a camera trap facing a tree (left) or boulder (right) on which barbed wire was attached and scent lure was added. Brown bears (Ursus arctos) investigating the scent lure would trigger the camera trap and rub the barbed wire, depositing a hair sample for subsequent genetic analysis (although the dual method showed that detectability by genetic sampling was lower than by camera trapping). models was assessed using AIC (evidence suggests it is more reliable than AIC c - Royle et al. 2014) . We focused first on the effect of sex, given that male and female brown bears typically have different home range sizes and behaviors, and thus both detectability and density are likely to vary by sex. We compared the null model (no effect of sex or any other covariates) with models allowing all 3 parameters (D, λ 0 , σ) to vary by sex, individually, and in combination (Table 1) .
We then used the best model accounting for sex effects and evaluated a set of models with additional effects on bear detectability (Table 2 ). These models represented the common hypotheses that bear detectability could vary over time due to seasonal variation (time factor, t, in secr), and due to site-specific or global behavioral responses such as trap happiness or shyness (secr model variables b and bk- Royle et al. 2014; Efford 2016) . We derived our final parameter estimates by model averaging across this candidate set, weighting the contribution of individual models by their relative AIC ranking (Burnham and Anderson 2002) .
Bear distribution analysis.-To examine the spatial extent of brown bear distribution in the study area, we combined the genetic and camera-trap survey methods. Genetic analysis is prone to false absences; i.e., failure to detect a species at a sampling site at which it truly occurred (MacKenzie et al. 2006) . False absences can result in negatively biased estimates of density and distribution (without accurate model-based correction), arising from temporal differences in hair retention by the pelt; sex-and age-specific rubbing behavior; or DNA degradation due to ultraviolet radiation, ambient temperature, and moisture (Kendall and McKelvey 2008; Lamb et al. 2016) .
Camera trapping can be used to assess detection bias in genetic sampling using multi-method occupancy models (Nichols et al. 2008; MacKenzie et al. 2009 ). Occupancy models (MacKenzie et al. 2002) use repeated sampling through time to estimate the probability of detection (p; the probability of detecting a species at a site where it is present) and use that information to estimate the probability of site occupancy (ψ; the probability that a site is occupied by a species; or, more appropriately for wide-ranging species, the proportion of area used- Efford and Dawson 2012; Neilson et al. 2018) . Multimethod occupancy models extend this framework by estimating the frequency that a species is present at a site but goes undetected at the camera trap, rub station, or both (Fisher and Bradbury 2014; Fisher et al. 2016) , thus yielding robust estimates of distribution across a study area.
Camera-trap images were analyzed and summarized for presence of brown bears within 5 consecutive 30-day surveys. We temporally aligned hair collection and camera surveys using the time-stamped images of bear visitation to eliminate potential errors in misassignment. The final data frame consisted of 34 independent sites, each with 5 repeated monthly surveys, using 2 detection methods. We used closed singleseason, multi-method occupancy models (Nichols et al. 2008) to estimate the probability of site occupancy by brown bears across the study area, as a measure of the proportion of the study area used. These models assumed sampling units were closed to net changes in occupancy at the species level within the 5-month survey period, or rather, that any changes were random among sampling units and surveys (MacKenzie et al. 2006) . We assumed that a species using a sampling unit at some point during the entire 5-month survey period (i.e., "occupying" a site) had a nonzero probability of being present within each month-long survey. Under this assumption, a unit is considered "occupied" if it was overlapped by any brown bear home range during the May-October survey period. However, bears may be "unavailable" for detection during a given survey month due to temporary absence from the camera trap and rub station (Efford and Dawson 2012) .
For model parameterization (cf. Nichols et al. 2008 ), we considered the larger-scale sampling unit that may be occupied by 1 or more bears during the 5-month survey to be a circle centered on the camera trap and rub station and covering a detection zone within which a bear may be drawn to the lure. We considered the combination of camera trap and rub station to be the smaller-scale (nested) unit at which a bear may be available for detection in a monthly survey, given occupancy at the larger scale. Accordingly, the model parameters were: ψ = Pr(larger sampling unit occupied over entire survey period); θ t = Pr(species available for detection at rub station or camera trap during survey t | sampling unit occupied); p s t = Pr(detection during survey t by method s | availability for detection);
with s = 2 sampling devices, and t = 5 surveys. We estimated ψ, p, and θ using program PRESENCE ver. 9.3 (Hines 2006) , which employs maximum likelihood methods and generalized linear models to estimate parameters. We constructed multiple competing single-season models representing 5 hypotheses about behavior and detectability of bears: detectability (p) was either 1) constant, 2) variable between sampling methods, 3) variable across surveys, 4) a linear trend through time, or 5) variable across surveys and methods (independent, or full identity design). We also tested the hypotheses that the conditional probability of occupancy (i.e., availability, θ) was either constant or variable through time. Our models assumed that the probability of occupancy (ψ) was consistent throughout the study area; results should therefore be considered a landscape average rather than sitespecific probabilities.
We ranked candidate models using an information-theoretic approach based on AIC scores and their normalized AIC weights (AIC w ), which describe the weight of evidence in support of each model (Burnham and Anderson 2002) . From persurvey estimates of p we calculated the probability of false absence (PFA) for the whole study as [1 − p] t with t = 5 independent surveys (Long et al. 2008 ).
results
Brown bear detections.-Our camera-trap sampling collected 3,163 photographs of brown bears, detecting them at 28 of the 34 sites (82%; Fig. 1 ). At each site, the number of bear photographs ranged from 0 to 337, and months with detections ranged from 0 to 5 (of 5). We collected 237 hair samples from the lured rub stations and detected bears at 17 of 34 sites (50%). Of the 237 samples collected, 14% (33) lacked material suitable for analysis; 6% (14) gave failed or mixed species results; 8% (19) were identified by mtDNA as species other than brown bear; 20% (47) were confirmed as brown bear samples but failed microsatellite analysis; and 52% (124) were from brown bears, yielding genotypes suitable for individual identification based on the criteria of Paetkau (2003; Supplementary Data SD1) . WGI checked for genotyping errors using the protocol described by Paetkau (2003; validated using blind control samples by Kendall et al. 2009 ); 2 errors were found and corrected.
As expected given the high variability of the 7 microsatellites that we used to identify individuals, no pair of genotypes matched at 7 of 8 markers, and only 1 pair matched at 6 of 8. A loose rule of thumb is that we expect 100 pairs of individuals whose genotypes match at all-but-2 markers for every pair that matches at all markers (Paetkau 2003) , so these observations provide empirical confirmation that our marker system was able to generate a unique genotype for each individual sampled. This empirical assessment of the risk of false matches does not depend on prior knowledge of consanguinity, as it uses the distribution of genotype similarity within the actual data, including any related individuals that were sampled.
The 124 reliable brown bear genetic samples were assigned to 28 individuals: 7 males and 21 females. There were 47 unique detections of these individuals at 15 sites (1-3 detections per individual, x = 1.7; 1-8 detections per site, x = 3.1). Twelve bears were detected in more than 1 sampling occasion (8 females, 4 males), typically at the same or adjacent sites. The mean maximum distance moved between detections was only 1.8 km for females and 2.1 km for males, suggesting high site fidelity (although the small sample of recaptures limits strength of inference). Fewer detections were made during the first 2 sampling occasions (spanning mid-May through June; Fig. 3) .
Brown bear density.-We identified 28 brown bears from 34 grid cells of 25 km 2 each, corresponding to a minimum area sampled of 850 km 2 , and thus a naïve (minimum) density calculation consistent with past ad hoc estimates of 32.9 bears/1,000 km 2 . However, more than one-half of the bears (16 of 28) were detected only once, and none in more than 3 sampling occasions, suggesting a high likelihood of unsampled bears in the study area (which was corroborated by relatively low detectability of bears at rub stations where camera traps confirmed them to be present; see below).
The model-averaged estimate of brown bear density across the candidate set of models (Table 2 ) was 44.6 female bears/1,000 km 2 (95% confidence interval, CI = 25.4-78.4) and 14.8 male bears/1,000 km 2 (95% CI = 6.6-34.0), yielding a total population density estimate of 59.4 bears/1,000 km 2 . This is similar to the density estimate from the null model without any covariates (55.6 bears/1,000 km 2 , 95% CI = 34.7-89.2); accounting for covariates resulted in a higher density estimate but reduced precision. The density estimate pertains to the entire state-space encompassing the survey area (i.e., 10-km buffer around the outermost sampling sites in the grid), which we deemed sufficient to include all bears likely to have been exposed to the lured rub stations during the survey period.
Given that 3 times as many females as males were detected by the genetic sampling, we expected this to be due to a higher density of females in the study area or lower detectability of males. AIC model comparison of the initial set of candidate SECR models with sex effects on density and detectability supported the hypothesis that density of females was higher: the model with that effect was top-ranked with nearly one-half of the AIC weight (Table 1 ). There was also some support for models that included sex effects on λ 0 , the baseline probability of detection at a rub station, and σ, the scale parameter that is related to home range size and affects the probability of detection with increasing distance between a rub station and home range center. However, estimates of these parameters did not differ as strongly between the sexes as did density, and models including these effects were within 4 AIC units of the null model with no sex effects (Table 1) . Furthermore, the estimated effect on σ was counter to our expectations, with a larger value estimated for females. Given this, and the fact that the small number of males detected leads to greater uncertainty in the estimates of λ 0 and σ for males (Table 1) , we only included the sex effect on density in subsequent models.
AIC model comparison of the expanded set of candidate models indicated that detectability of bears varied over time (Table 2) , which corresponds with the observed temporal variation in detections (Fig. 3) . In particular, there was a signal that bear movement, as related to the σ parameter, varied across sampling occasions, and weaker signals that bears were more likely to be detected after first capture (i.e., "traphappy" response) and that detectability at a trap varied across occasions (effects on λ 0 ; Table 2 ; consistent with occupancy results below). Nevertheless, given the relatively small number of overall detections and individual recaptures, these effects were estimated with uncertainty, and did not significantly change estimates of bear density.
The model-averaged estimate of baseline detection probability at a lured rub station, λ 0 , was 0.18 (95% CI = 0.04-0.57), suggesting that an individual bear visiting a station during a sampling occasion had a roughly 18% chance of being detected, i.e., leaving a hair sample that was genotyped to individual. The estimate of σ from the top model for which it did not vary over time was 1.71 km (95% CI = 1.36-2.16), which corresponds to a home range size of bears for the sampling period of 32 km 2 (under the assumption of bivariate normal space usage- Royle et al. 2014) .
Brown bear distribution.-Camera traps detected brown bears at 28 of the 34 sampling sites (82%), while rub stations detected bears at 17 of 34 (50%). The best-supported occupancy model (AIC w = 0.89) suggested detectability (p) varied among survey periods and sampling methods (Table 3 ). There was no evidence for temporal trends in p or θ (availability). Camera traps detected bears nearly perfectly when present (p ~ 1.0); therefore, estimated occupancy (ψ = 0.85, SE = 0.07) was close to the "naïve" occupancy from cameras (0.85). In contrast, detectability by rub stations varied markedly among surveys (p = 0.06-0.91; Fig. 4) . Over 5 surveys, the estimated PFA at rub stations was reduced to 0.008, and to 0 for camera traps. At occupied sites, we estimated bears to be available for detection by either sampling method about one-half the time (θ = 0.52, SE = 0.05).
discussion
Despite a history of hunting and habitat loss driving brown bear declines within the Caucasus Ecoregion (Lortkipanidze 2010; CBC 2012), our results confirm that a significant population persists in the Vayots Dzor region of Armenia. This persistence underscores the need for strategic conservation planning, impact mitigation, and population monitoring to ensure continued coexistence of bears and people in this biodiversity hotspot (Chapron et al. 2014; Ripple et al. 2014) .
Bears occurred throughout most of our study area, and the estimated density-59 bears/1,000 km 2 , corresponding to an abundance of 171 bears across our 2,900 km 2 state-spaceexceeds estimates for many brown bear populations in North America (e.g., 23/1,000 km 2 - Mowat et al. 2013) and Europe (e.g., 10-54/1,000 km 2 - Ciucci et al. 2015; Karamanlidis et al. 2015; Popescu et al. 2017) . Furthermore, it exceeds previous ad hoc estimates from the South Caucasus by nearly 5-fold (13/1,000 km 2 -Lortkipanidze 2010), highlighting the risk of relying on limited data for local and regional conservation planning. Without extending our surveys spatially and temporally, it is difficult to know whether our study area supported a high density of bears or densities in other areas have been underestimated.
We suggest that 3 key factors explain our relatively high estimates for density and occupancy. Firstly, our systematic survey using both lured rub stations and camera traps resulted in spatially extensive sampling coverage and high probabilities of detecting bears (Fisher et al. 2016) . Secondly, our application of spatially explicit density estimation in an occupied landscape avoided extrapolation across unsuitable habitat (e.g., Whittington and Sawaya 2015) . Finally, our study area was a mountainous landscape with less human disturbance than lower-elevation croplands, pasturelands, and orchards; thus, we hypothesize that it can support a relatively dense population of bears. We recommend additional surveys to assess spatial and temporal variation in density of bears in this region.
The estimate of 59 bears/1,000 km 2 was based on the detection histories of 28 individual bears uniquely genotyped from noninvasive hair sampling. Their relatively low recapture rates, indicated by both density and occupancy estimation, suggested a high probability of additional undetected bears. Density of bears was notably sex-biased, being higher for females (45/1,000 km 2 versus 15/1,000 km 2 for males), which could be related to several factors, including greater vulnerability of male bears to hunting or conflict-related mortality (e.g., McLellan et al. 1999) ; lower detectability of males due to larger or more seasonal home ranges; or other behavioral differences reducing their probability of visiting a rub station. Nevertheless, studies of brown bears elsewhere have suggested that females have lower detectability (e.g., rub less often; Lamb et al. 2016 ). We did not see evidence of male-biased emigration from the study area, based on the timing of detections at rub stations ( Fig. 3) and on camera-trap detections of cubs with females through the sampling season. Density and occupancy models suggested the detectability of individual bears, and all bears in general varied across the study period due to variation in movement and behavior at a rub station once encountered.
As is common with rare species, the relatively small sample size of individual detections resulted in fairly low precision in density estimates (wide CIs). Nonetheless, the high estimated density was unexpected and emphasizes that this is a regionally important population requiring further monitoring and protection. This is further supported by our observations of reproduction in the study area (i.e., cubs observed during field surveys and by camera traps). The use of multi-method occupancy models applied to genetic and camera-trap survey data (Fisher and Bradbury 2014) increased our confidence in the estimated distribution of bears across the study area. Even at sites deemed to be occupied, we estimated that bears were available for detection at the sampling devices only about one-half of the time (θ t = 0.52), highlighting the vagility of brown bears and the importance of multiple, long survey occasions. We detected bears from genetic sampling much less often than with camera traps. The probability of detecting any bear at a lured rub station varied from extremely low early in the sampling season (p = 0.06) to very high late in the season (p = 0.91), a similar pattern to that seen for grizzly bears in the Canadian Rocky Mountains (Fisher et al. 2016) . Relatively low detectability using genetic sampling is further supported by the estimated detectability of individual bears in our density models. We recommend testing new approaches to improve detectability for genetic sampling via hair collection (e.g., Dumond et al. 2015) , particularly in the spring and early summer. Camera trapping increased the estimated probability of detection to nearly 1.0, indicating that brown bears were photographed when occupying a sampling unit. A consistently high probability of detection by camera traps has been observed for grizzly bears (Fisher et al. 2016) , wolverines (G. gulo), American martens (Martes americana), and fishers (Pekania pennanti-Fisher and Bradbury 2014). Unfortunately, without natural markings, consistent identification of individual bears from camera-trap images is not currently possible. This makes the double-sampling method particularly powerful, as it combines the advantages of individual genetic identification with reliable camera-trap detection.
Our study was not designed to assess connectivity, but the high variability observed at the 14 microsatellite markers suggests adequate gene flow in the population. For example, even some well-connected northern regions of the range of North American brown bears are characterized by lower heterozygosity (Paetkau et al. 1998; Proctor et al. 2012 ) than the 14-locus mean that we observed for 28 individuals (0.75). The Yellowstone grizzly bear population, which has probably experienced less than 150 years of isolation and never dropped below 100 individuals, has an H E of 0.57 using a similar set of markers (Proctor et al. 2012) . The small and long-isolated Apennine brown bear population in central Italy had much lower mean H E of 0.49 across similar markers (Ciucci et al. 2015) . The high levels of genetic variability that we observed in this Armenian brown bear population would not be maintained for long in a population that became small and isolated, although the exact rate of loss would depend on the specifics of population size and time in generations. So while we acknowledge that the high genetic diversity does not preclude the possibility of recent isolation or population decline, our data provide no evidence that an immediate genetic crisis is among the threats faced by this study population.
We suggest several avenues for future work to build on the sampling and analysis in this study. Analytically, our density models assumed that home ranges of bears were randomly distributed across the study area (i.e., homogenous spatial Poisson process), yet density of bears likely varies with environmental covariates such as habitat type or human disturbance. Quantifying such covariates and incorporating them into the SECR models might improve the accuracy of density estimation by better reflecting heterogeneity within the study area, although additional parameters could reduce precision. Our occupancy models could be similarly extended by incorporating environmental covariates. Addressing environmental heterogeneity could strengthen inferences and improve our understanding of factors affecting habitat use by bears within the region, if such additional model complexity could be supported by the sample size. Another promising direction for further analysis would be to incorporate camera detections into density models by developing an integrated model that combines photographic counts of "unmarked" bears with the detection histories of bears genotyped from hair sampling (sensu Chandler and Clark 2014) .
We strongly recommend monitoring the status of this regionally significant population of brown bears, particularly with respect to the effects of proposed mining operations and associated conservation offsets (e.g., park creation). Repeating our rigorous camera trapping and genetic sampling program over time will enable an evaluation of changes in the density and distribution of bears in the Vayots Dzor region. Extending this sampling to other areas within the Caucasus Ecoregion (e.g., Moqanaki et al. 2018 ) could improve our understanding of the prospects for this flagship species to persist and serve as an umbrella for broader conservation within this biodiversity hotspot. The degree to which this Armenian population is connected to other bear populations in the Caucasus and beyond remains unknown. Coordinated regional sampling would facilitate a population genetic analysis to understand the genetic connectivity of bears in the region, which would greatly inform international conservation efforts (Calvignac et al. 2009; Murtskhvaladze et al. 2010; Swenson et al. 2011; Bleyhl et al. 2017 ).
This research is an initial step in providing robust data on populations of brown bears in Armenia and the southern Caucasus to inform conservation within this complex setting of traditional agricultural activity and new industrial mining. Coexistence of humans and large carnivores is aided by sound ecological data to inform decision-making within a broader social, cultural, and economic context of co-adaptation (Chapron et al. 2014; Carter and Linnell 2016; Pooley et al. 2017) .
